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Abstract
Breast cancer is the most common cancer and the leading cause of cancer deaths in women worldwide. This study aimed 
to provide an automatic windowing method in mammograms, based on the principles of Otsu’s thresholding function, to 
help radiologists more easily detect abnormalities on mammograms. A total of 322 mammographic images from the Mam-
mographic Image Analysis Society (MIAS) database were used in the present study. The image background was removed 
based on Otsu’s method. After selecting the threshold in the computer-aided windowing (CAW) system, the pixel values 
were kept larger than the threshold and displayed on a grayscale. A radiologist evaluated images randomly before and after 
CAW. Using CAW, the radiologist correctly diagnosed all healthy images (207 images). A total of 115 mammograms were 
evaluated to differentiate malignancy from benign masses. All 63 benign images were accurately diagnosed after using 
CAW. Moreover, of 52 malignant images, all were accurately recognized as malignant except one, which was recognized as 
benign. Therefore, specificity and sensitivity were significantly improved to 98% and 99.6%, respectively, and the area under 
the receiver operating characteristic (ROC) curve was calculated to be 0.99. The study showed that the use of CAW can 
potentially lead to quicker image assessment and improve the diagnostic accuracy of radiologists in differentiating between 
benign and malignant masses on mammograms.
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1  Introduction

Breast cancer is the most common form of cancer and the 
leading cause of cancer deaths in women worldwide; it has 
a higher occurrence in women from less developed countries 
than those from more developed countries [1]. Screening 
mammography can reduce mortality by more than 40%, 
compared with the mortality in unscreened women [2]. The 
American Cancer Society recommends that women between 
the ages of 40 and 44 years should have their first annual 
breast cancer screening conducted by a physician, accom-
panied by a mammogram [3].

The detection of benign and malignant lesions is diffi-
cult because of the variable shapes and sizes of breasts and 
non-recognition of lesions in the breast parenchymal tissue. 
According to available evidence, 10–30% of breast lesions 
discovered during routine screening are misdiagnosed by 
radiologists [4]. Therefore, better detection of breast malig-
nancy can effectively reduce unnecessary biopsies. A variety 
of mathematical methods have been suggested for automati-
cally detecting microcalcifications on mammogram images 
using a computer-aided diagnosis (CAD) system, for exam-
ple, Otsu’s method [5, 6] and wavelet transform [7, 8]. It has 
been shown that the use of CAD systems increases the num-
ber of true positives detected (cancer is diagnosed correctly) 
while decreasing false negatives missed (cancer is ignored 
incorrectly) [9, 10]. However, importantly, the diagnosis of 
breast cancer is not done using CAD systems. Because of 
the importance of early detection of cancer, radiologists pre-
fer mammography as the final diagnosis and decisions are 
made by a radiologist on the basis of the mammogram. The 
radiologist must detect and confirm cancer or microcalcifi-
cations by changing the contrast of the images by manually 
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adjusting the window level. CAD systems help the radiolo-
gist in diagnosing cancer by emphasizing the possibility of 
cancer [11, 12]. In other words, radiologists usually try to 
improve detection efficiency by changing the image con-
trast. However, this procedure is relatively time-consuming 
because differences in breast mass (size and composition of 
glands and fat) affect the appearance of a portion of the chest 
on the mammography image. Lack of time, crowded wards, 
and fatigue negatively affect the selection of the appropriate 
window and may increase false negatives and false positives 
[13, 14].

This study presents a computer-aided windowing (CAW) 
system in mammograms based on principles of Otsu’s 
thresholding, which change the contrast of the mammo-
graphic image automatically; therefore, it can be a good 
starting point for mammogram evaluation by radiologists to 
detect abnormalities in a quicker and easier manner.

2 � Materials and methods

2.1 � Mammographic images

A total of 322 mammographic images from the Mammo-
graphic Image Analysis Society (MIAS) database of the 
University of Essex, England, were used in this research 
[15]. In addition to having diverse mammographic images, 
the MIAS database displays breast tissue characteristics and 
some information about abnormalities (calcification, circum-
scribed masses, ill-defined masses, spiculated masses, archi-
tectural distortion, and asymmetry) and severity of the dis-
ease (benign and malignant) based upon biopsy. The size of 
all the images was 1024 × 1024 pixels at 200 µm resolution.

2.2 � Computer‑aided windowing (CAW)

When evaluating the images of histograms of the MIAS 
database, it was observed that the histogram of mammo-
graphic images had a double peak and pixel values were 
separated into two classes with different variances and 
mean level (Fig. 1). Usually, microcalcification and malig-
nant tumors are more absorbent and are placed in a second 
class with larger pixel values and a higher mean level.

Therefore, the manipulation of subjects’ appearance 
occurs in trying to remove the first-class values because 
the background has no diagnostic value. A suitable tool 
to remove the background from the object is thresholding 
based on Otsu’s method. This method is used in various 
techniques in the medical field [16–18], especially in the 
automatic segmentation of masses in digital mammograms 
[5]. After selecting the threshold in our CAW method, the 
pixel values are kept larger than the threshold and dis-
played on a grayscale and values smaller than the threshold 
are converted to zero (black). In fact, the low level of the 
window is the same threshold and windowing is reduced 
on the pixel values of the second class.

The threshold selecting based on Otsu’s method was 
used to obtain a suitable low-level window (LLW) to 
remove the background. However, this method is sensitive 
to the distribution of image values in pixels. This means 
that the threshold will be shifted to the class with a greater 
number of pixels [19].

In most of the images that were evaluated, most pixel 
values belonged to the first class and the thresholds 
were similar to lower values; therefore, LLWs were not 
appropriate. To solve this problem, LLW was increased 

Fig. 1   Histogram of the MIAS 
database images in which the 
threshold based on Otsu’s 
method is 88, whereas the 
LLW, based on Eq. 1, is 132. 
LLW low-level window, MIAS 
Mammographic Image Analysis 
Society
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according to the standard deviation (SD) of the images’ 
pixel values within the second class. Reviewing the histo-
gram of mammographic images and its threshold based on 
Otsu’s method, it was observed that subtracting a fraction 
of the SD of second-class values from the mean of sec-
ond-class values (Eq. 1) led to a convenient LLW, and in 
this state, an image with acceptable quality was achieved 
(Fig. 2).

 here F is an empirical number selected in this study, with 
“1″ based on an experienced radiologist’s assessment of a 
different window. For example, the threshold based on the 
method was 88 for Fig. 1. On the other hand, the SD and the 
mean values of the image’s second class were 32 and 164, 
respectively. Consequently, instead of distributing 256 colors 
between 88 and 255 on a grayscale, colors between 132 and 
255 were distributed. By applying Eq. 1, the window was 
narrowed to 44 units compared with the direct use of the 
Otsu threshold, as shown in Fig. 1.

2.3 � Evaluation of CAW​

A radiologist with less experience reviewed the 322 MIAS 
database images on an HP Pavilion notebook with a 15.6-
inch liquid crystal display (LCD) monitor with a resolution 
of 1366 × 768 pixels. Each image was assigned one of the 
following scores: (1) definitely no cancer, (2) probably no 
cancer, (3) possibly cancer, (4) probably cancer, and (5) 
definitely cancer. Each of the 322 images after CAW was 
reviewed randomly again based on a flow diagram (Fig. 3). 
First, after selecting mammograms randomly, the threshold 
was calculated based on the Otsu method. Second, SD and 
mean of the pixel value larger than that of the calculated 
threshold were calculated and then the LLW of each image 
was calculated using Eq. 1. Finally, filtered images were 
saved for evaluation by the radiologist. During evaluation of 
all images with and without CAW, the radiologist could not 

(1)LLW = Mean−F × SD,

change image contrast and could not apply any filter, mask, 
or convolution matrix. The interpretation environment was 
the same for all images, both filtered and unfiltered. These 
functions were accomplished using MATLAB software 
(MathWorks, Natick, MA, USA).

2.4 � Statistical analysis

Receiver operating characteristic (ROC) curves were plot-
ted using SPSS 18.0 (SPSS Inc., Chicago, IL, USA) for all 
original and filtered images. The area under the curve was 
calculated for the states with and without filters and the 
images compared by paired t test with each other. A p value 
threshold of 0.05 was considered to be significant.

Fig. 2   One of the MIAS data-
base images before (right) and 
after (left) changing contrast 
base using CAW. MIAS Mam-
mographic Image Analysis 
Society, CAW​ computer-aided 
windowing

Calculating Ostu’s threshold 
(Tostu)

Calculating mean and SD for 
values >Tostu

Calculating LLW 

Show image based on CAW

Selecting mammogram 

Fig. 3   Flow diagram of filtration and evaluation of mammograms. 
SD standard deviation, LLW low-level window, CAW​ computer-aided 
windowing
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The results are expressed in terms of sensitivity or “true 
positive” (TP) and specificity or “true negative” (TN). Sen-
sitivity is the probability that a person with the disease has 
been correctly diagnosed. Specificity is the probability that 
a healthy person has been correctly diagnosed as healthy.

It should be noted that the use of the ROC curve for the 
evaluation of radiographic images, especially mammo-
graphic images, has recently become very popular to com-
pare different devices or techniques [20–22].

3 � Results

A total of 322 mammographic images from the MIAS 
database were evaluated by a radiologist. It was found that 
there were 207 normal images, 63 images with benign, and 
52 images with malignant. In the first section of evalu-
ation, images containing benign were determined to be 
“probably no cancer.” After the evaluation of the unfil-
tered images without CAW, 155 of 207 normal images 
were identified and it was reported that malignancy was 
“probably not present.” For the rest of the images, it was 
reported that malignancy was “probably present” (greater 
certainty), that is, containing the disease (Table 1). At this 
stage, no image was conclusively diagnosed as malignancy 
“definitely present” and certainly no malignant image was 

reported as “definitely not present”. Based on the results 
in Table 1, sensitivity and specificity were obtained, as 
shown in Table 2.

After using CAW, all healthy images (207 images) were 
correctly detected (Table 3) and sensitivity and specific-
ity were observed to be very good (Table 4). Only one 
image that depicted a malignant was reported as benign 
but all other images with benign or malignant were cor-
rectly diagnosed.

A total of 115 mammograms were evaluated for differ-
entiating between malignant and benign. In differentiating 
benign abnormalities from malignancies, the results based 
on the image without using CAW are troubling. Without 
using CAW, the area under the ROC (AUROC) curve was 
found to be 0.522 using SPSS software, indicating no sig-
nificant difference compared with the area under the diago-
nal line (p = 0.690). After using CAW, all malignancies 
were accurately diagnosed except for one case (Table 5). 
The AUC was 0.990 and this difference was statistically 
significant compared with the area under the diagonal line 
(p = 0.000).

In the diagnosis of malignant from benign, sensitivity 
and specificity were observed to be 0.98 and 0.100, respec-
tively, after using CAW.

Table 1   Results of 322 
mammograms evaluated for 
detection of abnormalities

Definitely not 
present

Probably not 
present

Possibly 
present

Probably 
present

Definitely 
present

Total

No cancer 45 207 11 7 0 270
Cancer 0 35 10 7 0 52
Total 45 242 21 14 0 322

Table 2   Sensitivity, specificity, and false-positive rate (FPR) for 
detection of abnormalities

FPR = 1 − specificity

Sensitivity Specificity FPR

Probably not present 1 0.2 0.8
Possibly present 0.3 0.9 0.1
Probably present 0.1 1 0
Definitely present 0 1 0

Table 3   Results of 322 
mammograms evaluated for 
detection of abnormalities 
after using computer-aided 
windowing (CAW)

Definitely not 
present

Probably not 
present

Possibly 
present

Probably 
present

Definitely 
present

Total

No cancer 207 63 0 0 0 270
Cancer 0 1 0 0 51 52
Total 207 64 0 0 51 322

Table 4   Sensitivity, specificity, and false-positive rate (FPR) for 
detection of abnormalities after using computer-aided windowing 
(CAW)

Sensitivity Specificity FPR

Probably not present 1 0.8 0.2
Possibly present 1 1 0
Probably present 1 1 0
Definitely present 1 1 0
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4 � Discussion

All images of the MIAS database were evaluated in two 
stages by a radiologist: before and after applying CAW. 
CAW was conducted in such a way that it illustrated higher 
values in images, which is compatible with past research 
suggesting the use of high-pass filters to delete the values 
of the image background and keeping the higher values 
[23]. As shown in Tables 1, 2, 3 and 4, some unexpected 
results were obtained. The radiologist recognized 100% of 
healthy cases after using CAW; 98% specificity and 99.6% 
sensitivity signaled significant improvement compared with 
93% specificity and 33% sensitivity for the case when CAW 
was not used (Tables 1 and 2). A large body of research 
could optimize the accurate diagnosis of tumors and micro-
calcifications on the MIAS database based on different 
CAD methods [24–26]. According to the results, in most 
cases, the sensitivity and specificity were lower compared 
with the values shown in Table 4. For example, Sahba et al. 
[27] enhanced the diagnosis using the wavelet transforma-
tion of tissue suspected of cancer and utilizing weighting 
algorithms. After applying the filter to the MIAS database 
images, 81% sensitivity and 84% specificity were obtained. 
Mini et al. [28] exercised two types of wavelet transforma-
tion to detect microcalcifications automatically. Both con-
cluded that wavelet transformation can reveal calcifications 
with 95% sensitivity in the MIAS database.

As shown in Table 5, among 115 malignant and benign 
images, all 63 benign images were accurately diagnosed 
after using CAW; moreover, among 52 malignant images, 
all were accurately recognized as malignant except one that 
was recognized as benign. The AUC for sensitivity against 
the 1-specificity curve was calculated to be 0.99, which was 
significantly different from the diagonal line (p = 0.000). 
Past studies that implemented the CAD method in mammo-
graphic images, reported AUC values between 0.8 and 0.96 
[29, 30]. The AUC values using CAW may compete with 
those obtained using the CAD method. Tehrani et al. [31] 
showed the segmentation of suspiciously clustered microc-
alcifications by employing the fuzzy logic on wavelet coef-
ficients on mammograms and image-processing algorithms 
for CAD, through which an AUC of 0.87 was achieved 
after separation. Niroui et al. [32] attempted to diagnose 
mammary lesions suspected of malignancy by employing 

the genetic algorithm and nervous network on the images 
of the MIAS database. Based on the results, the value of 
AUC increased from 0.73 to 0.84 by integrating these two 
mathematical techniques into one method, which can help 
radiologists more accurately render the clinical diagnosis 
of abnormalities.

Given the pathology and mammography results, mam-
mography can play a pivotal role as a convenient and cost-
effective method to detect breast cancer [33]. The use of 
computers and modifying contrast are highly recommended 
to increase efficiency in mammography results for the pur-
pose of revealing microcalcifications and abnormalities in 
the breast [11, 34]. Azavedo et al. [12] discussed whether 
the accuracy of one radiologist’s assessment of a mammo-
graphic image, with and without computer assistance, is the 
same as that of another radiologist. For this purpose, they 
reviewed 996 abstracts and 53 complete papers. The results 
indicated that minimum accuracy was equal to separate 
review by two radiologists when one radiologist assessed 
mammographic images by CAD. As shown in Tables 3 and 
5, utilizing computers and optimizing contrast can reveal 
malignancy. The evidence in our study supports this, as our 
radiologist accurately diagnosed all malignancies except for 
one case. In other words, the results identify microcalcifica-
tions and assessment of abnormalities.

Jung et al. [6] reported that CAD can reduce the average 
assessment time of mammographic images without decreas-
ing the radiologist’s efficiency. During our study, the radiolo-
gist recognized malignant cases more efficiently with less 
reading time and was satisfied with the CAW.

False negatives (FNs) occur 10–25% of the time among 
healthy people and are regarded as one of the greatest obsta-
cles in effectively detecting breast cancer through screening 
mammography. Monitoring a large number of images to find 
few cancer cases, compounded by difficulties with breast 
composition, fatigue, and the radiologist’s own distractions, 
are regarded as some of the reasons for FN diagnoses [13, 
14]. The implementation of automatic windowing reduced 
FN diagnosis (Table 3), coinciding with studies that have 
proven that employing CAD could reduce the FN rate in 
breast cancer diagnosis [35, 36].

Birdwell et al. [37] evaluated the mammograms of 8600 
patients during a 19-month period. One of the seven radiolo-
gists who were invited to participate in the survey examined 

Table 5   Results of 115 
mammograms evaluated for 
malignant vs. benign detection

No filter/with filter

Definitely benign Probably benign Probably 
malignant

Definitely 
malignant

Total

Benign 45/63 11/0 7/0 0/0 63/63
Malignant 35/1 10/0 7/0 0/51 52/52
Total 80/64 21/0 14/0 0/51 115/115
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each mammographic image and reassessed the same image 
using CAD. The detection accuracy of those cancers, which 
had not been already recognized, increased by about 7.4%. 
In the present study, the definitive diagnosis of malignant 
cancers increased significantly after implementing auto-
matic windowing, a finding congruent with those studies 
that employed CAD efficiently [36]. Despite the above-men-
tioned results, it is worth noting that inappropriate software 
or applications may reduce sensitivity or specificity, down-
grading diagnostic quality [38].

Moayedi et al. [39] attempted to introduce a novel fuzzy 
classifier for mammographic images based on contourlet 
transform in breast cancer detection. Their experiments at 
best showed 95.6% classification accuracy on the MIAS 
database. In most CAD methods, the entire image turns into 
a balanced code (black and white), in which the microcalci-
fications are illustrated as white dots on a black background 
without showing breast tissue and composition. The radiolo-
gist, not the system, plays the main role in cancer diagnosis. 
Therefore, with a transform, breast tissue should be better 
visualized for accurate visual examination. Perhaps this will 
be one of the next methods to be adopted by radiologists to 
modify the contrast of mammographic images automatically, 
to quickly examine breast tissue and distinguish abnormali-
ties in mammographic images. In the present study, the pro-
posed method can be employed in medical image process-
ing based on modifying the image windowing, in which the 
value of F in Eq. 1 should be empirically decided based on 
diagnostic purpose to settle a suitable threshold.

5 � Conclusion

In addition to enhancing sensitivity and specificity, the auto-
matic windowing method results in a shorter monitoring 
time and in stronger image assessment, by which radiologists 
can more accurately diagnose as malignant or benign on 
mammograms. In other words, it seems that the image sug-
gested by the automatic windowing method can be a good 
starting point for mammogram evaluation. Further studies 
are required to select the appropriate automatic window and 
to determine effects on sensitivity and specificity. In addi-
tion, quantitative studies should be conducted, especially 
with respect to the average time for accurate diagnosis by 
radiologists. To conclude, radiologists should utilize the 
automatic windowing method, because it improves mam-
mogram viewing beyond manual contrast, is quicker to 
use in cancer diagnosis, and lends itself to a more accurate 
diagnosis.
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